Sleep quality has been directly linked to cognitive function, quality of life, and a variety of serious diseases across many clinical domains such as psychiatry and cardiology. Standard methods for assessing sleep involve overnight studies in hospital settings, which are uncomfortable, expensive, not representative of real sleep, and difficult to conduct on a large scale. Recently, a number of commercial digital devices have been developed that record physiological data which can act as a proxy for sleep quality in lieu of standard electroencephalogram recording equipment. Each device company makes different claims of accuracy and measures different features of sleep quality, and it is still unknown how well
devices for the entire week. To assess the feasibility of a fully remote study relating sleep features to cognition, we also assessed participants' cognitive function daily via a series of assessments on a custom-built mobile app. None of the four devices we compared in this study have been compared head-to-head before for sleep and cognition research. Our results, which show low correlation among devices as well as low correlation between quantified sleep metrics and cognitive outcomes, highlight some of the key difficulties involved in designing and executing large-scale sleep studies with consumer-grade wearable devices.
Materials and Methods

Research setting
Participants were enrolled individually at the Harris Center for Precision Wellness (HC) and Institute for Next Generation Healthcare research offices within the Icahn School of Medicine at Mount Sinai.
Monetary compensation in the form of a $100 gift card was provided to study participants upon device return. During the enrollment visit, participants met with an authorized study team member in a private office to complete the consent process, onboarding, and baseline procedures. The remainder of the study activities took place remotely with limited participant-team interaction. The study team maintained remote contact with each research participant throughout his/her participation via phone or email to answer any questions and provide technical support. The study was approved by the Mount Sinai Program for the Protection of Human Subjects (IRB #15-01012).
Recruitment methods
We employed a variety of recruitment methods to ensure a diverse sample population.
1. IRB-approved posting on the Mount Sinai trials website (http://icahn.mssm.edu/research/clinical-trials)
2. Advertisements about our work placed in local Mount Sinai media and flyers (e.g., department monthly newsletters, flyers hung in appropriate areas in Mount Sinai, Mount
Inclusion and exclusion criteria
Participants were eligible for the study if they were over 18 years old, had access to an iPhone, had basic knowledge of installing and using mobile applications and wearable devices, and were willing and able to provide written informed consent and participate in study procedures.
Participants were ineligible for the study if they were colorblind, due to initial strop test restrictions that were not utilized, part of a vulnerable population, or unwilling to consent and participate in study activities.
Onboarding questionnaires
During the initial study visit, participants were prompted to take four questionnaires (see Appendices A-D). All questionnaires were completed electronically via SurveyMonkey and the results were subsequently stored in the study team's encrypted and secured electronic database.
The Demographics Questionnaire (Appendix A) ascertained basic demographic information. The Morningness-Eveningness Questionnaire (MEQ; Appendix C) is a 19-question multiplechoice instrument designed to detect when a person's circadian rhythm allows for peak alertness.
The MEQ takes roughly 5-10 minutes to complete.
The Pittsburgh Sleep Quality Instrument (PSQI; Appendix D) is a 9-item, self-rated questionnaire that assesses sleep over the prior month. The PSQI has been shown to be sensitive and specific in distinguishing between good and poor sleepers. The PSQI utilizes higher numbers to indicate poorer sleep. The PSQI takes roughly 5-10 minutes to complete.
Technology set-up and testing
After the initial screening visit, participants were asked to set up their devices and begin the weeklong study at their leisure ( Figure 1 ). Participants agreed to each manufacturer's software terms and conditions in the same manner as if they were to purchase and install the technologies themselves. In doing so, and as noted in the participant-signed consent document, participants acknowledged that the manufacturers would have access to identifiable information such as their names, email addresses, and locations.
The HC App functioned as a portal to allow participants to authorize the sharing of data between the manufacturers' applications and the study team's database. During the initial set-up period, the study team worked with participants to troubleshoot any issues and ensure proper data transmission to the database. 
Sleep monitoring and device-specific parameters
Daily questionnaires and N-back tests
Using the HC App, participants completed questionnaires and cognitive assessments on each day of the 7-day study.
N-back tests: The N-back test [18] assesses working memory as well as higher cognitive functions/fluid intelligence. Participants were prompted to take the N-back test three times per day (morning, afternoon, and evening). In each test, participants were presented with a sequence of 20 trials, each of which consisted of a picture of one of eight stimuli: eye, bug, tree, car, bell, star, bed, anchor. The participant was asked whether the image was the same as the image "N"-back from the current image, where N = 1 or 2. The stimuli were chosen so that in the course of 20 trials, 10 would be a "hit" (the stimulus would match the N-back stimulus) and 10 would be a "miss". The participant had 500 ms to enter a response. If no response was entered, the trial was counted as incorrect and a new trial was presented. The N-back tests took roughly 3 minutes each, for a total of under 10 min/day.
Modified PSQI for Daily Use (MD-PSQI): We modified the PSQI so that it could be administered daily via the HC App, enabling a low-burden user assessment of his/her own sleep quality the previous night. the MD-PSQI asked the user for an estimate of total sleep duration (TSD; i.e., total amount of sleep), latency (i.e., time to fall asleep), and start to end sleep duration (i.e., TSD plus latency). Participants took the MD-PSQI electronically through the HC App at wakeup (1-2 minutes completion time). 
N-back test scoring
For each trial, the participant's response time and the correctness/incorrectness of responses were recorded. We calculated four different scores for the N-back tests: median reaction time and percent correct, stratified by congruent vs. incongruent items. We treated all reaction times the same and did not segment or weight based on items that the participant got correct vs. incorrect. Only morning test results were used in the final analysis, as we theorized that sleep-related factors would affect morning results most strongly. Each participant was then given a cognition score based on a self-created scoring function (Eq. 1) of the reaction time, degree of difficulty of question, and correctness. The metric accounts for variation across multiple elements of the N-back results leading to a greater representation of performance. The formula for the metric is
(1)
Device comparisons
We compared the four devices on a per-epoch basis, calculating the Pearson correlation coefficient between each pair of devices per participant-night. Pearson was chosen after analysis of variable density plots and utilization of a more robust outlier centric correlation metric was deemed unnecessary. Because we were interested only in concordance between devices, our calculations did not take into account groups of nights corresponding to the same participant. We recorded the median, minimum, and maximum correlations between each pair of devices over all participantnights. We also compared the sleep metrics produced by the devices to each participant's selfassessment of his/her total sleep duration, sleep latency (how long it took to fall asleep) and sleep efficiency (i.e., TSD divided by total time in bed). Three of the four study devices calculated these metrics automatically, and we manually calculated them for the fourth device (Withings).
Models linking device data to MD-PSQI and N-back scores
We built a series of univariate linear models that regressed each individual sleep feature on either (a) PSQI score or (b) N-back score. The PSQI tracks quality of sleep with higher values indicating poorer sleep. We regressed the one-time reported PSQI on all available device metrics, taking the mean of each metric across all nights of sleep for each individual. Additionally, we regressed the N-Back created score to show variance in cognition score across all mean device data by subject and selfreported data. In all of the regression models for both PSQI score and N-back score, we analyzed only the data from individuals with two or more days of reported N-back scores, leaving us with 16 of the original 21 individuals.
Analysis of missing data
We analyzed the degree of missingness of each (a) device-reported or (b) user-reported field as measures of (a) device reliability/quality or (b) participant compliance. As the study progressed, some sleep features were also updated due to new advances in hardware and software on the device side, which resulted in missing data columns, which were not included in the missing data plot. Table 1 describes our study population, which consisted of 21 participants (11 female; 10 male). The median age of our population was 29 (range: 23 to 41). The median PSQI score was 4 (range: 1 to 12).
Results
Summary of study population
Sixteen of our participants were classified as normal sleepers, three were poor sleepers, and two were very poor sleepers. Median MEQ score was 52 (range: 35 to 73). We provide score summaries for all eight SF-36 subcategories at the bottom of Table 1 . 
Device comparisons
Total sleep duration (TSD) was reported by three of the devices and by the participants themselves. Table 3 shows the results of several univariate linear models, each of which included either PSQI or cognition score as the dependent variable and a different mean device measure per subject as the independent variable. The only statistically significant associations (at a significance threshold of alpha = 0.05) were between Oura's measurement of total sleep duration and sleep efficiency and PSQI (p < .01 for both). In both cases, an increase in total sleep duration or sleep efficiency was associated with a significant decrease in PSQI score; since PSQI increases with poor sleep quality, these associations are in the expected direction (more sleep or more efficient sleep leads to better or lower PSQI). There were no significant associations between cognition score and any of the device sleep variables. Table 4 shows the results of univariate linear models that regressed cognitive score on participant summary features. The SF-36 sub-category "physical functioning" had a significant association with Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 4 February 2020 doi:10.20944/preprints202002.0046.v1 cognition score (p = 0.014); however, further analysis revealed that this was due to the presence of an outlier with very low physical functioning as well as a low cognition score, and removal of this individual destroyed the effect. "Emotional well-being" had a weakly significant association (p = 0.078) with cognition score that appears robust to the removal of individual data points. None of the other summary features were significantly associated with cognition score. Note: * p<0.1; ** p<0.05; *** p<0.01
PSQI and cognition score vs. device data
Cognition score vs. participant summary data
Correlation of MEQ preference with cognitive test response rates
We illustrate the rate of missingness for sleep-related metrics in Figure 3 ; in general, a significant proportion of relevant data are missing due to noncompliance by users or device malfunctioning. We stratified response rate for morning, afternoon and evening test results and displayed these for participants grouped by their MEQ segmentation into Night, Intermediate, and Morning in Figure 4 .
We see that morning-preferred participants had the lowest response rate across all times.
Furthermore, we see that afternoon response times are the highest for all MEQ groupings.
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Discussion
The results of our study reflect some general findings that are likely to impact most research involving wearable devices and mobile apps. First, because of low enrollment, our ability to detect effects was low; an effect would need to be highly pronounced to be detectable in a study population of this size. The effort involved in publicizing the study, enrolling participants, and ensuring they were able to complete the study (no device or app malfunctions, devices running out of batteries, etc.) was substantial. Simple study designs with perhaps 1-2 devices that participants already own and are familiar with offer the greatest chance of success on a large scale. Second, there was substantial variability among the devices we tested, making the choice of device for any sleep study a material factor that can impact results. Even if it's impossible to assess which device is "preferred"
for a given study design, this variability impacts cross-interpretability of results across different studies and will thwart attempts at meta-analyses. Third, missingness and the presence of outliers were important considerations for all statistical analyses on this dataset. Although this was a pilot study, all of these issues are likely to translate to larger wearable device studies as well.
Related work and study limitations: sleep-monitoring devices
This pilot study consisted of 21 participants whose sleep was tracked for seven days across four devices. This built off of previous work that utilized comparisons of various devices and polysomnography [20, 28] . In previous work, de Zambotti directly compared the Oura ring with PSG.
Correlation matrices from their study show poor agreement across different sleep stages, showing that tracking sle ep stages was a problem for the Oura. However, this study concluded the Oura's tracking of total sleep duration, sleep onset latency, and wake after sleep onset were not statistically different than that of PSG. In the current study, for total sleep duration we obtained correlations with the Oura of 0.513, 0.373, and 0.501 with the Fitbit, Hexoskin, and Withings, respectively. The Oura is a good indication for sleep duration and latency because it was found to track total sleep duration in relative accordance with the PSG. This suggests that many devices have trouble tracking total sleep duration or participants had trouble wearing devices correctly outside of a monitored sleep lab. Across the three devices that tracked REM, the maximum correlation was 0.444 between the Oura and the Withings. One noteworthy observation is that consensus correlation of sleep cycles between the Oura and the Hexoskin was 0.4 despite lack of standardization of sleep cycles.
The biggest question for these devices is, how well do they actually reflect sleep? The current consensus is mixed. For instance, de Zambotti et al. found good overall agreement between PSG and Jawbone UP device, but there were over-and underestimations for certain sleep parameters such as sleep onset latency [19] . Another study compared PSG to Oura ring and found no differences in sleep onset latency, total sleep time, and wake after sleep onset but they did find differences in sleep stage characterization between the two recording methods [20] . Meltzer et al. [21] concluded that the Fitbit Ultra did not produce clinically comparable results to PSG. Montgomery-Downs et al. [22] found that range, tracking reliability, among others [23] . Furthermore, comprehensive research including randomized control trials as well as interdisciplinary input from physicians and computer, behavioral, and data scientists will be required before these wearables can be ready for full clinical integration [24] .
As there are many existing commercial devices, it is not only important to determine how accurate they are in capturing certain physiological parameters, but also the extent to which they are calibrated compared to one another. In this way, findings from studies that use different devices but measure similar outcomes can better be taken together in context. Murakami et al. [25] evaluated 12 devices in their ability to capture total energy expenditure against gold standard and found that while most devices had strong correlation (greater than 0.8) compared to the gold standard, they did vary in their accuracy with some significantly under-or overestimating energy expenditure. The authors suggest that most wearable devices do not produce a valid quantification of this endpoint. Xie et al.
[26] compared six devices and two smartphone apps in their ability to measure major health indicators (e.g., heart rate, number of steps) under various activity states (e.g., resting, running, sleeping). They found that the devices had high measurement accuracy for all health indicators except energy consumption, but there was variation between devices and certain ones performed better than others for specific indicators in different activity states. In terms of sleep, they found the overall accuracy for devices to be high in comparison to output from Apple Watch 2, which was used as the gold standard. Lee et al. [27] performed a highly relevant study in which they examined the comparability of five devices total and a research-grade accelerometer to self-reported sleep in their ability to capture key sleep parameters such as total sleep time and time spend in bed for one to three nights of sleep.
The biggest limitation of the current study was the lack of a gold standard for sleep metrics, namely PSG. It should be noted that sleep studies are extremely hard to conduct on a high number of participants due to the prohibitive cost of PSG. In the future, however, this field can face huge growth if some amalgamation of cheap, at home devices could reliably track various data and cross confirm results amongst themselves. This would be extremely beneficial in creating a mapping function of individual device metrics to PSG metrics which in turn could allow these more simplistic sensors to accurately recreate conditions of PSG at a low cost and in the comfort of the home. This mapping function could increase recruitment of participants while decreasing cost for sleep studies.
Considerations related to cognitive metrics and self-reported sleep quality indices
Self-reported PSQI has been shown to be a poor screening measure of PSG [29] . This may help explain why self-reported one-time PSQI sleep quality variation was not well explained by much of the device data. However, the Oura ring efficiency and sleep duration did explain variation in the onetime self-reported PSQI with statistical significance. These Oura tracking metrics may merit further investigation. Also, it is important to note that poor tracking metrics, or a low number of participants could also be the reason more device data was not able to explain variation in PSQI. For the modified daily PSQI survey, having participants track their individual sleep metrics such as latency may not have been as useful as a simple overall estimate of quality of sleep.
Evidence of using the N-back test as a fluid intelligence metric is contentiously accepted, with some critics citing low correlation between N-back and other fluid intelligence tests [30] . The Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 4 February 2020 doi:10.20944/preprints202002.0046.v1 cognition metric, taken from the N-back results, and results from participant summary data were not strongly correlated, most likely due to study methods or a low sample size. A recent study showed that poor sleep or deprivation may cause local deficits specifically with tasks emotional in nature [31] .
This may suggest implementing a metric for morning or afternoon wellbeing in addition to fluid intelligence tasks.
Insight from response rate based on MEQ segmentation into three categories early, intermediate and late preference individual could help future study design. We found that response rates across the afternoon preference individuals was highest across all MEQ groups. This suggests that crucial surveys should be administered around this time if possible. Another finding of note is that evening preference participants had the best response rate across the morning/afternoon and were close to the highest in the evening. This finding suggests that non-evening preference participants may need extra motivating factors to increase their response rates. Considering the high rate of evolution for wearable device and new devices coming to market monthly data portability is an important future problem.
Conclusion
We reported correlations among important sleep metrics for four different sleep tracker devices and correlated the results with self-reporting questionnaires and cognitive metrics, specifically the Nback. Difficulty in participant enrollment and engagement led to new ideas about recruitment design and participant engagement design. Exploiting existing technology such as ReasearchKit, HealthKit from Apple can have a twofold benefit for recruiting people remotely with e-consent feature from ResearchKit and sharing electronic health records (EHR). Further combining this with additional data stores present in the HealthApp can improve the eligibility of participants [32] . In consideration of the missing data in the questionnaires and active tasks prescribed, we promote the use of as passive collection procedures as possible. One such option is a smart mirror [33] , which is even more natural than using the smartphone because the mirror is already incorporated into the daily routine. Finally, the weak correlation among devices opens new challenges for accurate interpretation and data portability for the end user. How will device-specific findings from various studies be taken in context to one another? The results from the current study can hopefully highlight the need for better standardization for sleep-related metrics across devices to make any robust and accurate conclusions.
These considerations are especially important in this era of digital health, where device firmware is continually updated and individuals frequently upgrade to new sensors.
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